ABSTRACT In this paper, a multi-stage planning-operation co-optimization model of an active distribution network (ADN) integrated with energy storage systems (ESSs) is proposed, in which the lifetime of batteries is also considered. By adopting piecewise linearized battery lifetime model and approximate power balance constraints based on Kirchhoff's Current Law and Kirchhoff's Voltage Law, the problem is reconstructed as a mixed integer linear programming model. This model considers the bi-directional power flows in the ADN, multi-stage planning logical constraints, and the replacement/addition of feeders/ESS. In addition, the cost of construction, operation, power trading, ESS lifetime loss, and lost load are included in the objective function. Moreover, Benders decomposition is utilized to improve the convergence speed of the model, which becomes difficult to solve due to the complex battery lifetime evaluation. Case studies based on a fictitious 18-node ADN demonstrate the effectiveness of the proposed method, which produces economic planning result considering the battery lifetime for an ADN with ESS.
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I. INTRODUCTION
With the increasing integration of distributed energy resources (DER), including distributed generations (DG) and energy storage system (ESS), Distribution System Operator (DSO) is facing many challenges in power distribution network, such as voltage deviations, reduction of power supply reliability and power quality issues [1] , [2] . The concept of active distribution network (ADN) was proposed by CIGRE C6.11 project in 2009 [3] , [4] to solve these problems. In ADN, DSO is enabled to administrate power flow through the flexible network topology, thus active control and management of DER can be realized.
ESS is an important part of DER, which has many advantages such as enhancing power quality and reliability, peak load shaving, load shifting, mitigating the fluctuation and so on [5] , [6] . Therefore, ESS has played a key role in the economic and safe operation of ADN. As one option of energy storage, battery storage can be charged or discharged with high efficiency and adjusted with power dispatch signal quickly, thus it has been widely used in distribution systems. As is analyzed in [7] , the global battery installed capacity is keeping growing rapidly year by year. However, the battery's lifetime can be greatly reduced if it's frequently charged and discharged, thus costs of ADN investment and maintenance will be significantly increased. Moreover, improper recovery and disposal will cause serious environmental pollution after the battery's service lifetime is reached. As a result, it's necessary to consider battery lifetime in ADN planning and operation.
There are already lots of researches about approaches and optimization models for planning and operation of ADN [8] - [19] these years. A multi-stage planning method combined with distribution system reconfigurations is proposed in [8] for ADN integrated with DG, and the long term large scale non-convex distributed network planning (DNP) problem is solved by some heuristic methods like Genetic Algorithm (GA) [9] . Second-order cone programming (SOCP) model is proposed to solve the problem of ADN expansion planning and distribution network loss in [10] - [12] . SOCP relaxation based on Distflow [13] proposed in [14] and [15] , which proves that a global optimum of OPF can be obtained for radial power distribution system if all nodal power consumptions are non-negative. The bi-levelprogramming-based model in [13] combines planning and operation issues of different time scales together in order to optimize the siting and sizing problems of ESS. Meanwhile, to simplify calculation of ADN planning, a mixed integer linear programming (MILP) model based on Kirchhoff's law is proposed, which has better adaptability and convergence for solving complex planning problems of ADN [14] - [16] . It has been proved by numerical tests in many papers that, MILP model for DNP is logical, much simpler but can be extended to complex model. What's more, it can converge within acceptable time, which benefits the global optimization of ADN especially when complex model is unavoidable.
As for EES planning in the ADN, many types of battery, including Nickel-Metal hybrid battery, Lithium-ion battery, Lead-acid battery and so on, are being modeled and used in power distribution network [17] . Meanwhile, the Benders Decomposition (BD) method [18] , the two-stage robust optimization method [19] , [20] and some other methods are used to solve the complicated EES planning problem in the power system. Most of the researches focus on the location and capacity of EES [16] , [21] . However, effectiveness of the overcharge or overdischarge and service lifetime also lead to the increase of ESS costs, which are less considered for the limitation of the battery technology in DNP for ADN [22] . Therefore, it is necessary to take into account the lifetime factor of the battery in ADN economic dispatch and planning, so that the battery can be planned and operated more economically. In [23] , Peukert lifetime energy throughput model is proposed to simulate battery lifetime. But it is simpli?ed to remove aftereffects of the loss of battery lifetime, which causes calculation errors. The weighted throughput method in [24] is proposed based on the throughput method in [25] and [26] , which considering various factors that affect the lifetime of battery. The throughput method can satisfy the battery lifetime model via rough calculation, but the weighted throughput method can make the model more accurate [24] .
To the best of our knowledge, consideration for ESS lifetime has not been included in existing literatures on ADN planning. In order to improve the working ability of battery and the economy of ADN, this paper proposes a planning-operation co-optimization model of ADN with ESS considering battery lifetime, and the target is to minimize the planning and operation costs after considering ESS lifetime factor. The contributions of this paper are as followed:
(1) To reduce the operation cost of the battery through rational operation method, the lifetime factor of the battery is modeled in the ADN and ESS planning problem, which increases the complexity of the problem. Meanwhile, the piecewise linearization method is introduced to model battery lifetime factor based on the real lifetime data curve, making it more practical and easy to solve.
(2) To improve the convergence speed of the large scale MILP model concerning battery lifetime factor, the Benders Decomposition method is adopted.
The remainder of this paper is organized as follows: Section III outlines the overall framework of the model, and proposes the co-optimization strategy. The details of the model are described in terms of objective function, constraints and solution method in Section IV. In Section V, 3 case studies based on a fictitious 18-node ADN integrated with ESS are analyzed, and the influence of ESS lifetime on planning and operation costs is discussed. Further discussions and conclusions are given in Section VI.
II. CO-OPTIMIZATION OF PLANNING AND OPERATION STRATEGIES
The proposed model of co-optimizing ADN planning and operation strategies is outlined in Fig. 1 .
The model consists of the following parts: 
A. MODEL INPUT
The ADN construction candidate options include the set of lines and ESS construction schemes. 
C. ECONOMIC TARGET
The economic target consists of three parts. The cost of lines and ESS construction, C CON , the operation cost, C OPE , including the cost of lines and ESS operation, C OPE1 , the cost of trading power with power market, C OPE2 , and the cost of ESS lifetime loss, C OPE3 . And the value of lost load, C COLL .
D. MODEL OUTPUT
The output schemes consist of four parts. The schemes of ADN planning and expansion, the schemes of ADN operation and maintenance, the schemes of ESS type and site selection, and the scheme of ESS economic dispatch.
III. MODEL FORMULATION A. OBJECTIVE FUNCTION
The objective of the proposed model is to minimize the cost in the construction and operation of ADN. The objective function of the model is illustrated in (1), which consists of three parts, total construction cost, total operation cost and the lost load cost:
1) TOTAL CONSTRUCTION COST
Total construction cost, C CON t , includes the cost of feeders addition/replacement and ESS construction as is shown in (2).
The letter x is decision variable for investment. x = 1 means this candidate is chosen, otherwise x = 0. CR, CA and C are known conditions, which are construction cost of replacing lines, construction cost of adding lines and construction cost of adding ESS respectively. 
In (4), y is decision variable for operation. y = 1 means that this facility is in operation, otherwise y = 0. OE, OA, OR and O are known conditions, which are operation cost of existing lines, operation cost of replacing lines, operation cost of adding lines and operation cost of adding ESS respectively.
in (5) is calculated by the LMP curve and the load prediction curve of typical substation nodes.
C OPE3 t in (6) is the lifetime loss of ESS, which is calculated based on the cost to replace the ESS when the battery lifetime exhausted. As the battery lifetime loss exists in both the charge and discharge procedure, P ESS , price for every one cycle use of ESS, is calculated based on C max and D max in (7).
3) LOST LOAD COST
Lost load cost, C COLL t , in (8) is calculated by the cost of lost load and the amount of shedding load, which can happens in the typical and extreme daily load scenes.
B. CONSTRAINTS OF ESS 1) ESS INVESTMENT AND OPERATION CONSTRAINTS
The candidate investment options and its corresponding charging and discharging dispatch constraints of ESS are as follows:
Eq. (9) describes the charging and discharging power balance of battery, where E E,N n,h+1,sc,t and E E,N n,h,sc,t are the remaining energy at the time h + 1 and h respectively. Eq. (10) describes the relationship between the capacity of battery energy storage and investment decisions. Eq. (11) gives the initial requirement of battery energy storage. Eq. (12) and (13) give the charging and discharging rate limitation of battery. It's noteworthy that to keep the convexity of the model, the bilinear
n,h,sc,t = 0 is relaxed in this model, which is usually applied to guarantee that ESS isn't charging and discharging at the same time. Because in this model charging and discharging at the same time would result in energy loss as the charging/discharging efficiency is less than 100%, which will indirectly harm the economy property,, the simultaneously charging and discharging behavior will be automatic avoided and this constraint won't be bind when doing the optimization of ESS operation [27] .
2) ESS LIFETIME CONSTRAINTS
Piecewise linearization method is utilized to formulate the lifetime model into a MILP and the Lead-acid battery is illustrated as an example. To make the model more accurate, the ESS lifetime constraints have been improved based on the weighted throughput method proposed in [24] . The battery charge state has nonlinear negative impact on battery lifetime as is shown in fig.2 [28] , in which condition the ESS throughput considering ESS lifetime loss weight, loss E , should be calculated by (14) , which is also nonlinear. The actual data curve of the relationship between SOC and effective weighting factor is known for specific types and sizes of batteries as the producer of battery can provide such information through experiment.
f (SOC E n,h,sc,t ) is the effective weighting factor which is also the ordinate in Fig.2 . Eq. (14) explains that the multiplier of every charge or discharge power with corresponding effective weighting factor, which is determined by SOC, can calculate the ESS throughput considering ESS lifetime loss weight [28] . To form a MILP model, the cumulative function of f (SOC E n,h,sc,t ), f l (SOC), is brought about in (15). For better illustration, f (SOC E n,h,sc,t ) is simplified into f (SOC) in (15) . And the piecewise linearization method is used in (15)- (20), which is explained more explicitly in Fig.3 . In Fig. 3 , the black solid line means cumulative function f l (SOC) and the blue solid line means the piecewise linearized result of f l (SOC) {SOC 1 , . . . , SOC n+1 } shows the SOC value of a sequence of points that was chosen on the accumulation weight effective factor curve in Fig.3 to do the piecewise linearization, and the corresponding value of f l (SOC) is (SOC 1 ) , . . . , f l (SOC n+1 )}, and both of them are known parameters. While f linear and SOC E are variables, which respectively represent the cumulative function of the effective weighting factor, f (SOC E n,h,sc,t ), and battery state of charge. (22) give the constraints of ESS utilization.
Moreover, SOC should also follow the constraint in (23), in which E E,N n,max means the rated capacity of battery type N. To keep the convexity of the problem, the rated capacity, E E max , should be a parameter rather than a variable, which need all the variables of the ESS consider the battery type N in constraints (9)- (25) . This adds to the complexity of the problem when considering battery lifetime factors. And increases the number of constraints relevant to ESS by N times.
Based on the work above, the formula (14) is transformed into (24) , in which f linear,N n,h,sc,t is piecewise linearization results of f l (SOC) for battery with type N, and E E,N n,max is rated capacity for battery with type N. That way, the ESS throughput considering ESS lifetime loss weight can be calculated by a linearized way. 
C. CONSTRAINTS OF ADN PLANNING 1) POWER BALANCE CONSTRAINTS AND NODAL VOLTAGE CONSTRAINTS
This paper uses a linearized model of power balance constraints, which is proposed based on Kirchhoff's Current Law (KCL) in [14] . As the planning-operation co-optimization problem of ADN with ESS considering lifetime factor is much more complicated, these simplified power balance constraints, leaving out reactive power when planning, can add to the convergence speed as well as keep the accuracy of the solution. Meanwhile, the nodal voltage constraints is included, in which the big M method is utilized to turn equalities into equations based on Kirchhoff's Voltage Law (KVL). This model has also been used in the planning of ADN with centralized and distributed ESS in [16] .
2) FEEDERS CAPACITY CONSTRAINTS
As the bi-directional current exists in ADN, the branch current constraints should meet the constraints (25)-(26), which limit the feeders' capacity for existing feeders, feeders to be replacement and feeders to be added respectively.
3) MULTI-STAGE PLANNING LOGICAL CONSTRAINTS
The binary decision variables in this multi-stage planning problem should meet logical constraints below.
During the whole planning period, t stands for different planning stages. x is construction decision variable and y is operation decision variable. Eq. (28) and (29) show that only one replacement candidate scheme is considered for each line. Eq. (30) indicates that after the replacement of lines, the original ones could not be used. Eq. (31) and (32) mean the candidate lines could be added only once. Eq. (33) and (34) mean only one addition candidate scheme of ESS is considered for each load node. The line and ESS which have been added can only be used after the relevant construction is finished.
4) CONSTRAINTS OF SPANNING TREE
The ADN considered in this paper is a radial network. So the spanning tree constraints, in which substation is taken as root node, can guarantee that the ADN will not be operated in a closed loop. Meanwhile, the convergence speed of the AND planning problem can be improved by introducing new variables and constraints in the spanning tree constraints, which can reduce the feasible solution space and make the solution easier to be found. The three characters of spanning tree are: the number of non-root nodes is equal to the number of branches in operation; for any branch, the nodes at both ends satisfy the ''parent node'' relationship; for any non-root node, its ''parent node'' is unique, and root node has no VOLUME 6, 2018
''parent node'' [28] , [32] .
α E e,t = β 
The binary variable α in (35)- (37) indicates whether the line exists in the spanning tree topology. The binary variables β + and β − in (38)- (42) indicate the ''parent node'' relationship between both ends of nodes in the line, and β + means the positive direction along branch. Eq. (41) means the ''parent node'' of load node is unique, and (42) means substation node has no ''parent node''. β back means the direction is back to the node. For example, there are three nodes (1, 2, 3), node 3 is the root node, direction of branch is 3-2-1, so the node 2 is the ''parent node'' of node 1. Take the branch direction as positive so β + = 1 while β − = 0. Now the direction is back to node 2 and β back = β + = 1. If the direction of branch is 1-2-3, then the direction is point to node 2 and β back = β − = 0.
D. SOLUTION METHOD
The multi-stage planning-operation co-optimization model of ADN with ESS considering lifetime factor brought up in this paper is much more complicated than existing ADN planning problem. It has a large amount of binary decision variables and constraints. To efficiently handle this problem, the Benders decomposition method [33] is utilized. By putting some constraints of the original MILP in the master problem, in which all integer variables should be included, and remaining other constraints into the sub problem, Benders decomposition can efficiently generate cuts that reflect the lazy constraints without individual and explicit checking [30] . To illustrate the algorithm explicitly, s is use to represent the integer variables in the model of this problem, including integer variable x, y, w, α and β, which means s = [x, y, w, α, β] p is used to represent the continuous variables apart from s, which means
The constraints of master problem are composed of all constraints having integers in them, including (10)- (13), (16)- (22) and (25)- (42), which are all linear. And the variables of master problem, s, are all integers making the master problem a MIP (Mixed Integer Program). To explain the problem in a clearer way, the matrix form is used to illustrate the model, which is shown in (43). As ≥ b represents equations only contain variable s, including (10), (21) and (28)- (42), which have all their parameters written into A and b, Ts + Qp ≥ r represents other equations contain variable s and p, including (9)- (13), (16)- (20), (21)- (22) and (25)- (27) , in which the equations only contain p are also included. And T , Q and r integrate all the parameters in these constraints, which means constraints are illustrated in a matrix form.
After decomposition, the master problem (MP) can be written into:
The sub problem (SP) contains all the continuous variables and their relevant constraints, (9)- (13), (16)- (22) and (23)- (27) . The matrix form of the sub problem, which is a Linear Problem (LP) can be written into:
Therefore, the duality of the sub problem is
In each iteration, the optimal feasible solution (s * , η * ) calculated by the master problem is sent to the duality of the sub problem. And the feasibility cut v T (r − Ts) ≤ 0, v ≥ 0 and optimality cut η ≥ µ T (r − Ts), µ = π * produced by the duality of the sub problem are sent to the master problem as the Benders cuts. The optimality cut guarantees that η in the master problem should be no less than the optimal solution of the duality sub problem in every literation. And the feasibility cut is derived to guarantee the feasibility of primal sub problem.
As is shown in Fig.4 , the initial problem is decomposed into a MIP master problem with all the binary decision variables, as is shown in eq. (44) and a LP sub problem, as is shown in Eq. (46). The CPLEX 12.8 is used to solve the problem with Benders Decomposition settings.
The solution procedure can be divided into 4 steps:
59828 VOLUME 6, 2018 2) Solve the following master problem.
Derive an optimal feasible solution (s * k+1 , η * k+1 ) and update LB=max{LB, c T s * k+1 + η * k+1 }. 3) Solve the duality of the sub problem, which is
And update UB=min{UB, c T s * k+1 + θ }. 4) If UB-LB ≤ ε, return s * k+1 and terminate. Otherwise, do (a) If θ < +∞, create variables µ k+1 , v k+1 and add the following benders cuts, including the feasibility cuts and optimality cuts, to master problem. The whole planning period is 9 years which is divided into 3 planning stages and 3 years for each stage. 4 typical daily load scenes and 1 extreme daily load scene are included in each planning stage. The data of the 18-node system is provided in [34], including 3 candidate construction schemes of replacing lines, adding lines, the node-branch relationship, maximum current limits of lines, impedance and the relevant construction costs. Information about ESS candidate construction schemes are shown in Table 1 , which includes maximum power, maximum capacity and the relevant ESS construction costs. The construction cost of ESS consists of ESS fixed investment [35] and the system costs [36] . In this model, we only consider constructing ESS at the load nodes.
The charge/discharge efficiency η is set to 95%, and the initial SOC is set to 50% of the storage capacity limit. The load shedding at extreme load scene will result in extreme loss, so the cost of lost load COLL is set to a constant, $3,000,000. The operation costs coefficient including OE, OR, OA and O ESS are all set to $30,000 as the planning period is 9 years [19] . And the discount rate of interest i is set to 15.77% (the annual discount rate is 5%, so the discount rate of three years is i = (1 + 5%) 3 -1). Therefore the discount rate of each planning period is 1, 0.8638 and 0.7462 according to 1/(1 + i) t−1 . It is expected that the costs of battery storage system will be reduced to $220,000/MWh by 2020, and the charge/discharge cycle lifetime will be no less than 5000 times [8] . So the lifetime costs of battery for every circle use, P ESS , is $22/MWh (P ESS = 220, 000/ (5000 + 5000)$/MWh). According to the data analysis of the 2015-2016 daily marginal price and load curve records [37] published by USA RECO (Rockland Electric), the growth rate of marginal price is 20%. The load data and the LMP data adopted in this paper are shown in [37] .
The processor of simulation platform is Intel(R) Xeon(R) CPU E5-1620 v3 @ 3.50GHz, and the RAM is 32.0GB. The YALMIP toolbox in MATLAB is used for modelling and CPLEX/GUROBI optimizer for solving. In order to prove the validity of the model considering ESS lifetime, three different ESS cases are presented:
Case 1: Only upgrade grid, no ESS.
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Case 2: Upgrade grid and ESS (lifetime is not considered). Case 3:Upgrade grid and ESS (lifetime is considered).
B. ANALYSIS OF RESULTS
The comparison of three cases concerning construction and operation costs is given in Table 2 . The following conclusions can be drawn from this table. 
1) TOTAL COST
In Case 1, the lack of ESS in extreme load scene causes load shedding, which results in large total cost ($59691042).
As the lifetime factor is considered in Case 3, the lifetime loss cost and the construction cost of ESS are both reduced. As a result, the total cost of Case 3 is less than that of Case 2.
2) ESS COST
Compared with Case 2, the ESS cost of Case 3 is 11.5% less. And by considering the lifetime factor, the battery works in the best condition in Case 3, thus the ESS lifetime loss cost would be reduced by 65.6% compared with Case 2, in which the ESS lifetime loss cost is not included in objective function but directly calculated based on planning results. Therefore, considering ESS lifetime loss will improve the way we use ESS greatly.
3) POWER TRADE COST
In Case 2 and 3, ESS store energy at lower electric price, and generate electricity when electric price is higher, thus the power trading cost of ADN is much less than that of Case 1.
4) RESULTS OF ESS PLANNING
The planning results of 3 cases for ADN are shown in Fig. 6 . In Fig.6 , the solid lines, including double solid lines, mean that the feeders are in operation, and double circle means ESS will be constructed at this node. In Case 1 ( Fig. 6 (a) ), where no ESS is allowed to be built, eight feeders (7-8, 7-18, 9-10, 9-13, 9-17, 11-15, 11-18, 14-15) are added and two feeders (3-4, 5-6) are replaced based on the original network. As for Case 2 ( Fig. 6 (b) ), where ESS is considered to be built, different eight feeders (7-8, 8-12, 9-10, 9-13, 9-17, 11-15, 11-18, 14-15) are added, three feeders (3-4, 5-6, 5-17) are replaced and the ESS are installed at seven load nodes (1, 3, 4, 5, 6, 13, 16) . In Case 3 ( Fig. 6(c) ), the ESS are considered with lifetime factor, result of feeders addition and replacement is the same as that of Case 2, but ESS are installed at different load nodes (1, 2, 3, 4, 5, 6, 12) . From Fig. 6 it can be observed that the structure of ADN is changed with the installation of ESS. The aim is to make the ADN optimal economic with the coordination of ESS.
5) RESULTS OF OPERATION
The comparison of load curves for three ESS cases at 17 th node (the substation node) during the first typical day of the third planning stage is shown in Fig. 7 . The black solid line denotes the load curve of Case 1. Similarly, the red and yellow dotted line indicate the load curve of Case 2 and 3 respectively. By comparing Case 2 and Case 3 with Case 1, it can be found that ESS are utilized to shift loads in ADN operation. ESS is charged at valley load hours (0-6h), when LMP is low, and discharged at peak load hours (like 8-12h, 18-23h), when LMP is high. It can also be observed that as the lifetime factor is considered in Case 3, the load curve fluctuates less frequently than in Case 2.
6) COMPLEXITY OF THE PROBLEMS
The number of variables and calculation time of three cases are listed in Table 3 . Compare with Case 1, the number of decision variables will be increased by 20% when ESS are considered in ADN planning in Case 2, and increased by 20-fold when the battery lifetime factor is further included in Case 3. Correspondingly, the calculation time becomes longer. However, if Benders decomposition is applied to solve Case 3, it's shown that the calculation time will decrease by nearly 90%. In conclusion, the consideration of battery lifetime factor greatly adds to the complexity of the problem and with Benders decomposition method it can be solved within acceptable time. The optimality gap, which is the relative error between the optimal solutions for the initial problem and the relaxed problem, is 0.1% in all the cases. It should be noted that, the limitation of this paper is the fact that reactive power is not explicitly considered in the proposed method, thus there are nodal voltage errors calculated by the proposed method and the planning results ought to be checked using AC power flow results. Furthermore, even though this planning method is based on KCL and KVL laws, the voltage dependency of current loads is ignored. For the studied cases, the comparison of nodal voltages and power losses at peak-load hour is listed in [38] . As the impedance is used in the KVL constraints, the voltage drop calculated by the proposed method is always larger than the actual voltage drop. But the maximum error of voltage is 2.744% and all nodal voltages are between 0.95p.u.-1.05p.u., which means the proposed planning model is valid and conservative in terms of voltage deviations.
V. CONCLUSION
The ESS play an important role in smoothing the power fluctuation, improving voltage quality improvement and making flexible power adjustment of distributed energy sources and loads. The optimal planning and reasonable operation of ESS have vital effect on economic and safe operation of ADN. A multi-stage multi-scene planning method for ADN considering cost of ESS construction, battery lifetime, longterm construction and short-term operation is proposed in this paper. By adopting piecewise linearized battery lifetime model and power balance constraints based on KCL, the problem is recast as a MILP. The consideration of battery lifetime factor increases the complexity of the planning problem. Therefore, Benders decomposition is introduced to improve the convergence speed of, and the solution time is significantly decreased.
A fictitious 18-node ADN is chosen to validate the proposed model. And 3 different cases are demonstrated: no ESS, ESS without lifetime factor and ESS with lifetime factor. The results show that Case 3 with ESS lifetime factor is economic optimum, and load shifting caused by ESS is less than that of Case 2, where ESS lifetime factor is not included.
This model can help power system planners find more accurate optimal solutions for the investment choices and operation strategies of ADN integrated with ESS.
